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Introduction
In Sub-Saharan Africa, education is often viewed as the main tool to fight poverty as it can help individuals find better jobs, thereby increasing the earnings from their labour. Yet in reality, while the importance of education is emphasized as inherently related to the development and well-being of people in the region (including through the Millennium Development Goals and the Education For All initiative), its economic efficiency is more debated. It is generally recognized that the missmatch between education and employment expands as unemployment continues to grow in the cities of SubSaharan Africa, especially among educated workers (Roubaud and Torelli, 2013) . This has led to a sharp increase in the number of very skilled youth who are unable to find work which matches their skills in the formal sector. This gap between the growth in investments in education and in the availability of real opportunities in the labour market creates a severe challenge for authorities. It has been known for many years that benefits available in the formal labour market (particularly in the predominant public sector) are such that it makes sense for individuals to take their place on the waiting list to enter the formal sector, without taking into consideration informal sector opportunities.
In this regard, education seems to no longer protect against poverty and social exclusion in SubSaharan Africa. It is therefore essential to reassess the efficiency of investments made in schooling in these countries. In this paper, we carry out such analysis using a labour force survey data for the
Republic of Congo (CNSEE, 2009).
First results of the Congolese Household Survey (CNSEE, 2006) indicate that Congolese people are relatively highly educated, with an estimated net enrollment rate of 87 percent in primary education and 44 percent in secondary education in 2005. However, this strong quantitative performance of the Congolese educational system is more nuanced when considered along with qualitative indicators: about one fourth of students enrolled in the first grade fail to reach the last year of primary education and the level of knowledge exhibited by students is very weak (CONFEMEN & MEPSA, 2009 ). The structure of the Congolese labour market is largely dominated by the informal sector (78 percent), where the prevalence of poverty among workers is high (80 percent). The public and formal private sectors tend to protect workers much more against poverty (they include only 5 and 10 percent, respectively, of the working poor), but offer very few entry opportunities because they only represent 9 and 13 percent, respectively, of all jobs.
Given a contradictory socio-economic set-up where decent jobs in the labour market are rationed, although the economy grows at a high rate and school enrolment is comprehensive, it is particularly interesting to explore the links between educational performance, labour market entry and private economic returns to schooling at the individual level. Analysis of private returns to education is based on the standard theory of human capital, whereby earnings gaps among individuals are the result of differentials in compensation which depend on the level of workers' human capital. It is therefore 3 likely that investments in education explain the distribution of individual earnings. This assumption has important consequences for poor countries, as it justifies the presence of income gaps among individuals in the labour market. However, in most African countries, not only are markets imperfect, but the nature of work contracts and vulnerability also interferes significantly with the relationship between human capital endowment and earnings (Bocquier, Nordman and Vescovo, 2010) .
Specifically, it is generally recognized that four labour market categories exist in developing countries: rural, public, private formal and informal. Each of these markets has its own specificities, such as seasonality of jobs and uncertainty about demand levels, the nature of contracts, and wage and compensation patterns (Ray, 1998; Schultz, 2004) . Numerous studies on the link between education and labour markets in these countries have ignored the fact that different job segments, particularly in the rural and informal sectors, can significantly impact the role played by education in shaping labour market access and earnings. Some papers on Africa acknowledge this difference across jobs and sectors and estimate the returns to education for urban and rural areas separately. Other studies estimate the returns for those in the formal wage sector or public sector separately and some do both 1 .
Given these specificities, we seek here to analyse how education affects participation in urban labour markets and work compensation in the Republic of Congo. In particular, we try to identify the labour market segments where education pays off, and thus aim to shed light on heterogeneities in the returns to schooling at different levels across two main cities and institutional sectors. Using data from the first phase of the 1-2 survey (discussed in more detail in Section 2), we refine indicators typically used to assess the efficiency of education in urban labour market entry. To this end, we estimate the determinants of labour allocation across the public, formal private and informal sectors, as well as those of labour earnings, and most of all the influence of education. This paper contributes to the literature by focusing on a country for which there is little known research with respect to the relationship between education and earnings. This could be due to data limitations in the past (see Backiny-Yetna and Wodon 2010, also on the Republic of Congo).
Furthermore, in the Central Africa region, very few studies have tried to estimate the returns to education nor looked specifically at investment in education (Shapiro and Oleko, 2001 , is an example for the Democratic Republic of Congo). Hence, our study of the region provides a useful perspective given the previously documented heterogeneity in the estimated impact of education across the Africa continent. Another contribution of this paper is to estimate the returns to schooling assuming a more flexible functional form for the relationship between earnings and education, i.e. a piece-wise linear spline function. Although using this approach is not novel, estimating the relationship between income and education in this way is more consistent with the shape of the education-earnings profile 4 in many African countries (Schultz, 2004) . This approach could potentially provide more meaningful information to guide policy than simple marginal or average returns to education estimates. Finally, we also attempt to control for the usual econometric problems when estimating the private returns to schooling, i.e. endogeneity, omitted variable and selection biases. Section 2 of this paper describes the survey carried out in the Republic of Congo and the main variables used. Section 3 introduces and discusses the results of our various analyses, and Section 4 contains our conclusions and discusses some policy options.
Survey and descriptive data on individual education and earnings in the Republic of Congo

The 1-2 Survey in the Republic of Congo
The 1-2-3 Survey is a system of three overlapping surveys (Razafindrakoto et al., 2009; Nordman and Roubaud, 2010) total of more than 10,000 people. An employment questionnaire was completed for all individuals older than 10 years. Within the scope of this study, we focus on people aged 15 years and older.
Descriptive statistics on education 2
Educational levels were determined by a set of questions asked in each household member about the following: school attendance (current and past), the level of education reached, the number of completed years of schooling, qualifications obtained (contrasting general education and vocational training), the type of institution attended during the first year of schooling, as well as the level of education and employment status of the interviewee's father. Overall statistics provided in Table A1 in Appendix A indicate that educational capital accumulation is considerable: the number of schooling years completed averages about 9 years, and more than four-fifths of individuals aged 15 years and older (83 percent) completed the primary level. It must be noted that individuals aged 15 years and older seem slightly more educated in Brazzaville than in Pointe-Noire. Hence, the proportion of those with no education or incomplete primary level is higher in Pointe-Noire (20 percent in Pointe-Noire 2 Descriptive statistics on all variables used in this study are provided in Table A1 in Appendix A.
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vs. 16 percent in Brazzaville); conversely, the number of individuals who went on to pursue higher education studies is higher in Brazzaville (13 percent vs. 9 percent).
Women are clearly at a disadvantage 3 : over 20 percent of women did not complete primary school (vs. 13 percent of men) -this percentage reaches 24 percent in Pointe-Noire. One last point must be made about the educational landscape: little weight is given to vocational training, which never exceeds 8 percent among those older than 15 years of age (8 percent in Brazzaville and 6 percent in Pointe-Noire). This means that the educational system focuses more on general education than on technical and vocational training.
Descriptive statistics on individual earnings
Generally, analysing compensation in Africa is a challenge, because most workers are employed in the agriculture or informal sectors, where accounting or payroll records are absent and individuals are naturally reluctant to state their income (this is the case outside Africa as well). Employment surveys such as 1-2-3 provide estimates for all monetary and non-monetary benefits related to employment (various bonuses, paid leave, housing, in-kind services, etc.) which supplement basic income. However, as is typical in this kind of survey, measurement errors increase when dealing with nonwage earners, especially in the informal sector. 4 To overcome these constraints, at least partially, two strategies were developed (see the interviewer manual, CNSEE, 2009): firstly, interviewers had to help non-wage earners (independent workers and employers) retrace their income by pulling together their cash inflow and their expenses over a given period of time. At the end of this process, the cash inflow received by non-wage earners is converted into a monthly basis in the questionnaire. Secondly, individuals who were unable or refused to state their specific compensation were asked to place themselves in a range or bracket, among six categories submitted to them which were defined as multiples of the statutory minimum wage. With these two strategies, it was then possible to estimate almost everyone's income. Indeed, only 5 out of 3,261 working-age individuals gave no indication at all of their level of compensation. About 6 percent (190 individuals) identified a bracket. For these,
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income was estimated at the bracket's mid-level (see Kuépié and Nordman, 2011 for further details). closely followed by the public sector, with the informal sector lagging far behind.
Impact of education on labour market entry and earnings
In this study, our methodological approach aims to estimate various econometric models in order to assess the effect of diverse educational dimensions (number of years of school attendance, type of schools attended, i.e. general studies or vocational training, and degrees received) on: (i) circumstances of labour market entry (participation and choice of sector); and (ii) individual earnings resulting from the main work activity.
Incomes are estimated by applying a Mincer-type earnings model, taking into account the effect of sample selection on individuals' participation and sector choice. In addition, the data allow us to address the issue of potential endogeneity of the education variable in the earnings function through several techniques which use information on the family background of compensated workers.
Econometric methods employed, as well as methodological discussions, are reported in Appendix B as they are now standard techniques.
In the first sub-section below, we provide data on the link between labour market insertion (employment, sector choice) and education. In the second sub-section, we give overall and sectoral earnings function results, and we examine synthetic results obtained from applying the various econometric methodologies discussed in Appendix B, particularly selectivity-adjusted earnings functions, and the education variable used as an endogenous explanatory variable. Finally, in the third sub-section, we focus on comparing the two cities on the basis of a set of estimates deemed most reliable for each city and sector. 
Education, unemployment and labour market entry
The aim of this sub-section is to briefly observe the efficiency of education in terms of exit from unemployment and entry into different segments of the labour market (formal/informal)
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Results from a logit model of the probability of unemployment (Table A2 in Appendix A), taking into consideration characteristics of both individuals and households -such as age, gender and migration status -show that, all else being equal, individuals who did not reach the minimum education level seem less likely to be unemployed than those who have completed at least junior high school, and even less so than those who attended university, which probably reflects lower expectations of finding better jobs within the least educated group. The more educated individuals are, the higher their expectations. So it may appear rational for them to stay unemployed for a longer duration in order to search for better jobs. Controlling for all variables, the risk of unemployment among youth remains high. This result may reflect specific difficulties faced by young people in integrating into the labour market. In a second step, we match individuals' level of education with the quality of employment, which we proxy using the sector of activity (formal public sector, formal and informal private sectors).
Using a multinomial logit model to measure the net effect 6 of education on distribution across sectors (see Table A3 in Appendix A), we show that, in each city, more education always tends to favour employment in the public sector and decreases work in the informal sector. There is no significant effect of education on access to the formal private sector. This finding could reflect the inability of formal private sector businesses to create highly skilled jobs for young university graduates. As for unemployment, young people (between the ages of 15 and 29) find it more challenging to access the public sector than those aged 30-49, and even more so than those over the age of 50. Their only remaining option is the informal sector, where they are over-represented. This situation highlights the bottlenecks present in the Congolese civil service. While it used to be a natural opportunity for graduates, the civil service now proves unable to satisfy an increased demand for jobs from youth seeking to enter the labour market. The informal sector becomes their last refuge.
Women's situation in the labour market is worse than men's: all else remaining equal, while they face the same risk of unemployment as men, the probability that women will find formal employment is nevertheless lower in both the public and the formal private sectors. This under-representation of women in the most rewarding sectors could reflect either straightforward gender discrimination within the labour market, or a rational choice on their part to join the informal sector, assuming this sector makes it easier for women to reconcile their work and family lives (Kouamé, 1999; . 
The impact of education on labour market earnings 3.2.1 Specifications of earnings functions
Regression estimates rely on the hourly, rather than monthly, log earnings, in order to take into account the heterogeneity of work duration in the various sectors. In addition to the educational level, we include migration status, family status, religion, seniority in the main job, potential experience In most studies, log earnings are assumed to follow a linear or quadratic relation with the number of years of schooling. Because we seek here to establish the shape of the overall earnings-schooling profile, we adopt a more flexible approach by identifying education as a piece-wise linear spline function where the strength of the relation between education and earnings varies at different parts of the education distribution. More specifically, we make a distinction between four levels: primary education, secondary 1 (junior high school), secondary 2 (senior high school) and higher education. Education-related variables introduced then become ) (e s k , where e is the number of years of schooling completed at levels k (k : 1…4) : Table A4 (in Appendix A) provides estimates of earnings functions in the various sectors calculated by using the two-step Heckman method, and an endogenous education variable through the control function (CF) method (see Appendix B), where applicable. By using only one model which includes all compensated workers, it is possible simply to observe the average effect of education on earnings resulting from specific effects prevalent in each employment sector. When these effects remain similar across sectors, an overall model is enough to draw conclusions which can be applied to each segment of the labour market. Conversely, when these effects vary greatly, estimating education returns separately for each sector becomes essential.
These estimates, corrected for potential endogenous sector selection bias (by applying the Lee method), are provided in Tables A5, A6 and A7 in Appendix A. Since we use a set of other estimation techniques recommended in Appendix B, we also provide in Table A8 a synthesis of marginal education returns obtained through the various possible methods. Before commenting on education returns, let us first analyse results obtained through the various estimation strategies.
OLS vs. selectivity adjusted earnings functions
Based on the total population of compensated workers in the three sectors, Table A4 indicates that the corrective term for the selection bias resulting from a probit equation of participation in the compensated employment becomes significant at the 5 percent threshold in Pointe-Noire. For this city, this means that the assigning mechanism in each category (participating and not participating in compensated employment) is not random and has a significant effect on earnings. Participation in paid employment is linked to unobserved characteristics which are positively correlated to earnings.
Unless sample selectivity is considered, the OLS method would lead to biased estimates of the returns to observed characteristics, including human capital. On the other hand, when observing sectoral estimates (Tables A5 through A7 in Appendix A), the results show no significant selectivity term, except in Pointe-Noire's informal sector. Participation in paid employment in Pointe-Noire's informal sector is therefore linked to unobserved characteristics which are now negatively correlated to earnings.
Endogenous education
For a diagnosis of education endogeneity, we use the father's characteristics as instruments (three education levels and two socio-professional categories when the worker was 15 years old; see Table   A1 in Appendix A for the definition and desriptive statistics of these variables) with the control function method (for further discussion, see Section B.2 in Appendix B). Based on first-step regressions, where we regress education on all exogenous variables, we test the joint significance of coefficients assigned to the father's characteristics, a necessary condition to keep estimates consistent.
For both cities, we can confidently reject the assumption that the coefficients jointly equal zero.
Given that we have more than one instrument for the endogeneous education variable, we can conduct Sargan's over-identification test. This test rejects the null hypothesis at the 10 percent level in 3 out of 8 cases, as the entire 8 cases give estimates for each city, multiplied by 4 sector cases (all sectors, public, private formal and informal). The three cases where validity is not confirmed are the full sample estimate for Brazzaville, the formal private sector estimate for Pointe-Noire and the informal sector for Brazzaville. In these cases, the tests suggest that it would be preferable to consider uncorrected education returns. When the instrument validity is not rejected, we can identify the direct correlation between the endogenous variable (education) and its unobserved determinants. If the estimate of the control variable parameter (residual from the education regression) is significant, this means that the unexplained shift in the education variable also affects the shift in earnings. Conversely, if the parameter is insignificant, we must then reject the endogeneity hypothesis. Table 2 provides values for p (p-value) for the t tests related to each control variable in the various specifications. Note: It is important to emphasize that these tests are meaningful only when the instruments are shown to be valid using overidentification tests (see the discussion above).
Based on these results, education endogeneity profiles of each city are quite different. In Brazzaville, the exogenous nature of the education variable cannot be rejected in the formal sectors (public and private) at the usual 10 percent threshold. In Pointe-Noire, exogeneity of education cannot be rejected in the informal sector. All in all, this analysis shows that even when instruments are assumed to be valid, conditional on observed control variables, endogeneity biases are not systematic.
In this study, when the over-identification tests do not lead to a rejection of our instruments, we put more confidence in the IV estimates, at least those using the control function method, for two reasons. Firstly, the control function method is more robust than 2SLS when slope parameters potentially vary with the unobserved factors of the model, i.e. when the variable that is supposed to be endogenous has non-linear effects, which is the case here (Card, 2001 
Sector comparison across cities
Figure 1 below provides histograms of marginal education returns by sector and city, at the sample's average schooling level. Estimates show that, in Pointe-Noire, education is more valued in the public sector, with a marginal return above 18 percent, and very much less valued in the other two sectors (formal private and informal). In the case of Brazzaville, however, it is in the formal private sector that the return to education is highest (10 percent), followed very closely, and surprisingly, by the informal sector (9 percent). Conversely, the public sector (7 percent) falls behind the other two sectors.
[Insert Figure 1 from Appendix A here]
Convexity of returns
In Figure 2 , we show the trend of predicted earnings in each sector, based on the number of completed years of schooling. In all these sectors, we observe that earnings remain constant until about the 8 th year of schooling, after which they start to increase faster. This overall pattern can be applied to each sector, albeit with slight changes. Convexity thus intervenes later for informal sector workers (around the 12 th year of schooling). Based on these findings, the convex shape is, to a large extent, caused by the sharp increase in earnings which takes place when individuals complete higher education and start university, and mostly when informal sector workers complete their high school education.
[Insert Figure This result is meaningful. Indeed, according to some authors, unless the high proportion of informal sector workers is taken into consideration, returns to primary schooling could be overestimated, while higher education returns are simultaneously underestimated (Bennell, 1996) . In this situation, convexity is highlighted for all sectors, including informal activities. 
Return differentials across sexes and cohorts
When estimating the order of magnitude of education returns using merged samples of men and women aged 15 years and older, we rely on two important, and potentially restrictive, assumptions.
Firstly, by merging the data for both sexes, we assume that the returns to individual characteristics are identical for men and women. This can be problematic, as women's participation in the labour market often shows less continuity than men's, especially in Africa; as a result, women may make a different use of their human capital in this market.
Therefore, we need to confirm that human capital compensation is different for each gender by estimating earnings functions using a set of interactions with the sex dummy so that the specification matches separate earnings functions. Results from this exercise are provided in Table A9 in Appendix
A. In the case of education, the assertion that the education-gender cross-effects are null cannot be rejected. Therefore, these tests and estimates largely corroborate the hypothesis of the same effects for both genders (pooling assumption).
Two explanations come to mind for the similarity between each gender's returns: firstly, our samples are representative of urban areas, where gender differentials in the labour market are probably less apparent than in rural areas . Secondly, the decrease in marginal education returns at all educational levels was suggested by Schultz (2002) to explain the higher returns for women, since women tend to be less educated than men on average, and higher returns were often noted for lower educational levels. However, the convexity of marginal returns highlighted here is now likely to serve as a counterweight.
As regards cohorts, we face the same issue as for gender and use the same approach as above by estimating cross-effect earnings functions using a dummy variable which indicates whether the person is older than 30 years (SENIOR). We perform a joint significance F test for coefficients of the interaction education-SENIOR, and provide the results in Table A10 in Appendix A.
For the public sector, the tests reject the hypothesis that education cross-terms jointly equal zero in Brazzaville's public sector, whereas for the private formal and informal sectors, this hypothesis cannot be rejected at the usual threshold. Therefore, the pooling effect assumption for these two cohorts does not appear to be very strong, at least for education.
Based on the interaction terms, it is interesting to note that higher education returns are always larger for young people (interaction coefficients are generally negative at this educational level), particularly in Brazzaville's public sector. This would indicate that the convexity of the previously observed earnings-education profile is sharper for young workers than for those who are older. Therefore, the young generation of workers would benefit most from increasing returns to the level of education.
However, we should note that this pattern is less obvious in the private sectors (particularly in PointeNoire).
Conclusion
This study sought to analyse the impact of education on labour market outcomes, particularly earnings in the two largest cities of the Republic of Congo. To perform these analyses, we used first-
hand data from Congo's 2009 Employment and Informal Sector Survey (EESIC). As far as
Brazzaville and Pointe-Noire labour markets are concerned, their characteristics are similar to those of other African cities: an oversized informal sector (where more than 6 out of 10 working-age people are working) which could potentially turn into a poverty trap, and a high level of unemployment (especially among youth) which increases with the level of education. But the Congolese urban labour market is also specifically characterized by the weight of the public sector, where almost one out of three people in the capital (Brazzaville) is employed and a little over one out of five residents of both cities are employed in the public sector. Therefore, the formal private sector represents a very small share of the urban workforce.
Multivariate analyses on the risk of unemployment and sectoral choice confirm that young people suffer greatly from lack of professional employment. To measure the specific impact of education on entry into various segments of the labour market, particularly on earnings generated, one must not ignore the different self-selection biases present in various sectors of activity, nor those related to the endogeneity of education. In this study, we address these issues econometrically and make suggestions for possible corrections using information commonly available in labour force surveys in West and Central Africa. Another important methodological challenge relates to the functional shape of the link which exists between earnings and the number of years of schooling. In this study, we propose a piece-wise linear function which allows variation in the marginal return to education when graduating from one educational cycle to another.
All these methods allow us to shed light on significant heterogeneity in the returns to schooling at different levels across the two main cities and economic sectors in the Republic of Congo. With these specifications, it is also possible to emphasize the convexity of education returns; in other words, the last years in secondary and tertiary schooling generally yield the highest returns, while those of primary education are generally lower. This convexity is also apparent in the informal sector, where education is also an important determinant of earnings.
These findings are relevant to poverty alleviation policies. In order for education to lead to significantly better earnings in the labour market, and therefore to help fight monetary poverty in urban areas, it is important to expand post-primary education, including higher education. This is even 14 more imperative since, in the short term, the informal sector will probably remain the main source of employment for youth wishing to enter the labour market. Yet, our results show that earnings in the informal sector increase with the number of years of schooling. For this reason, promoting postprimary and higher education, even without formal employment opportunities, can help combat poverty in the short term. Obviously, such a policy should be deployed on a parallel track to a campaign for decent work as advocated by the ILO, by extending to the informal sector social safety nets and improvements in working conditions, which are currently limited to a minority employed in the formal sector.
APPENDIX A. DESCRIPTIVE STATISTICS TABLES Figure 1. Marginal returns to education by sector of activity
Note: These estimates stem from highlighted results reported in Table A8 . The returns correspond to an endogenous or exogenous education variable depending on the results of the over-identification tests (see Appendix B). For instance, a model with an exogenous education variable is systematically preferred when the instruments appear invalid for specific sectors and cities.
Figure 2. Earnings predictions from earnings functions
Legend: Vertical axis = hourly earnings in FCFA Horizontal axis = number of years of education achieved Note: Standard errors are in parentheses. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Other explanatory variables introduced in the models are dummies for the religion of the individuals (Catholic, Protestant, Muslim, other Christian, "église de réveil", no religion). Note: Standard errors are in parentheses. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Other explanatory variables introduced in the models are dummies for the religion of the individuals. Note: Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Note: Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Adjusted R-squared 0.296 0.257
Note: Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Note: Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Tables A4 to A7 are included. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. The highlighted coefficients are those at the mean value of education level in the considered city and sector. These highlighted coefficients were used to graph Figure 1 . Note : SEX is a dummy indicating a woman. Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively. Note : SENIOR is a dummy indicating whether the individuals are 30 years old or above. Additional explanatory variables introduced in the models are dummies for family situation (single, married monogamous, married polygamous, widow, cohabitation, divorced) and for religion. Standard errors (in parentheses) are estimated using 500 bootstrap replications. *, ** and *** mean coefficient significant at 10 percent, 5 percent and 1 percent, respectively.
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APPENDIX B. ECONOMETRIC METHODS
B.1 Earnings equation with correction of the selection bias
In this study, we jointly model earning equations and selection into differents sectors as follows:
and
where Y ij represents the compensation received by individual i who works in sector j, with j = 0 (not working); j = 1 (public sector), 2 (formal sector) or 3 (informal sector). By definition, Y i0 (a kind of reservation wage) is unknown, but S i0 (not working or no compensation) is known and used in the first-stage estimations. Z i is the vector for the individual's observable characteristics, including education, ζ j is a vector of parameters to be estimated, and η ij an error term. We estimate each sector's coefficients ζ j . Y j is only observed if the sector j is selected, therefore η j and ε j are not independent. This means that the assigning mechanism in each category is not random, and has a significant effect on earnings.
In regression (1), we use multinomial logit models to compute the correction terms λ ij , based on the expected probability that individual i be in sector j or not working. The generalized pattern of the inverse Mills ratio is then introduced in the income equation for each sector j and provides unbiased estimates of β j . λ ij can be estimated with different methods: Lee's, McFadden's or Dahl's. Lee's correction method has been debated because it is based on strong restrictions related to the joint distribution of the error terms in the equations of interest (Vijverberg, 1993 ; Dahl, 2002 ; Bourguignon et al., 2007) . However, the other methods we have tried, such as Dubin's and McFadden's or Dahl's, did not appear more effective given the small size of our sectoral subsamples
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. Therefore, we selected Lee's correction method (cf. Lee, 1983) .
In both Heckman's and Lee's procedures, identification is achieved using exclusion restrictions. In each sector, we use six dummy variables that describe the relationship of an individual to the head of household (child, spouse, etc.) . The rationale behind this identification strategy is that, all else being equal, the relationship to the household head may only influence the level of individual earnings through its effect on sector choice and allocation (including the not working category). We tested the relevance of this identification strategy using Wald's tests of joint significance of the identifying variables in the first regression, and by testing their insignificance in the second regressions, for each sector. The results confirmed this was an appropriate choice in all cases 12 . However, keeping in mind methodological controversies regarding the selection of identifying variables in general, we also report overall results from the uncorrected earnings function (OLS), in order to provide results which are comparable to some existing studies.
B.2 Endogeneity of education
Education can be an endogenous variable in earnings equations if it is correlated to the error term of the equation, either because there is unobserved individual heterogeneity or measurement errors in the education variable.
To solve the issue of endogeneity, one typically uses instrumental variable methods which require variables that are not correlated to the unobserved heterogeneity of individuals, but to their education. Instrumentation often relies on households and demographic characteristics assumed to not be correlated to the error term of the income equation. This strategy is widely used with data on developing countries and can capture various environmental influences. Thus, Ashenfelter and Zimmerman (1997) use parental education as instrument, Butcher and Case (1994) employ the presence of a sister in the family, and Card (1995) relies on geographic proximity to a junior high school.
In this paper, we address this issue using the father's educational level and professional status as instruments (see Table A1 in Appendix A for the definition and descriptive statistics of these variables), and we adopt a control function (CF) approach (Wooldridge, 2002) . Family background variables are generally believed to be strong instruments in developing countries, as they capture various genetic and environment influences (Sahn and Alderman, 1988) . However, one could argue that the father's education and job professional status may not respect the exclusion restriction condition, in the sense that these may have a direct effect on children's labour market achievements, perhaps through family wealth or preference for jobs in a particular labour market segment. Recently, Hoogerheide et al. (2012) show using panel data and bayesian analysis that, even if there is a violation of the strict validity assumption, parental characteristics (in their study, this is father's education) used as instruments of children's education still yield acceptable estimates because their effect on children's education is generally larger ("strong") than their direct effect on the children's labour market outcomes. This finding provides confidence in the use of father's characteristics as instruments in earnings equations.
The method that uses the CF is adapted when the income/education profile is non-linear in the estimated parameters. As our results show, education's marginal effect on income is not constant. The empirical implementation of the CF consists, first of all, in running the first-stage equation like in a traditional IV approach. Then we recover the estimated residuals and use them as an additional explanatory variable in the second-stage equation, together with the education variables. Following Blackburn and Neumark (1995) , Lam and Schoeni (1993) , or Ashenfelter and Zimmerman (1997) , we also made a different use of family background information by introducing it directly into the earnings functions. Applying all these different techniques is interesting because the various underlying hypotheses can reveal common trends in the results, which must then be seen as being relatively robust. In turn, even if issues of endogeneity are not perfectly corrected, the similarity of results from different methods should convince us of their relative robustness.
